Introduction
Escherichia/Shigella genomes, 70 Gammaproteobacteria genomes, and 39 mammalian gut metagenomic 87 samples. The data sets include various types of genomic sequences, in silico and real NGS short reads, dif-88 ferent species and taxonomy levels. The validation results show that the compression-based distances are 89 highly consistent with those distances obtained from the k-mer based methods, from the MSA approach, 90 and from existing benchmarks in the literature. The results also show that the k-mer based distance 91 measures depend remarkably on the choice of k, and the optimal k varies across different data sets. The 
Materials and Methods

100
Compression-based distance measures 101 We used the compression-based distance measures that were proposed in [?, ?, ?] . Those measures were 102 first developed based on the theory of Kolmogorov complexity [?] . As Kolmogorov complexity is not 103 computable, the authors further refined the measures using data compression. In particular, the following 
Here C(x) denotes the size of the compressed file of sequence x from a standard compressor, xy 106 denotes the concatenation of two sequences x and y, and C(x|y) denotes the size of the compressed file
107
of sequence x conditioning on sequence y. The authors further proposed a more mathematically precise 108 version in [?] which was referred to as normalized compression-based distance (NCD):
d NCD (x, y) = max{C(x|y), C(y|x)} max{C(x), C(y)} .
measure (CDM):
A good compressor should be able to remove redundant information that is shared between two analysis and properties of the compression-based distance measures and Kolmogorov complexity can be 118 found in [?] .
119
We used the tool GenCompress [?] for compression. The advantage of GenCompress is that it can 120 perform conditional compression x|y. When applying GenCompress to an NGS sample, we simply con-121 catenated all short reads of the sample to form a single sequence and then compressed that sequence.
122
Using the same compression tool allows a consistent and fair comparison across different data sets. distances varied considerably with respect to k (Table S2 ). For instance, the optimal symmetric difference 187 between the CVTree trees and the MSA tree was 6 (for k = 10), but the worst case was up to 48 (for be found in Table S2 . As shown in Table 1 , the d (Table 2) .
215
In general, our analysis has shown that all five alignment-free distance measures
CVTree, and d In this section we assess the accuracy of the alignment-free distance measures on a data set of 29 Es-227 cherichia/Shigella genomes. Two fundamental differences between this data set and the previous one are: correlation with the benchmark co-phylog distance was significantly lower than that of the other measures.
240
The CVTree distance achieved good correlation but produced inconsistent phylogenetic trees for different 241 values of k. The most significant inconsistency among them is whether the genus Shigella violates the 242 monophyleticity of the genus Escherichia or the monophyleticity of E.coli strains ( Figure S2 ). terms of both tree symmetric difference and distance correlation. We also noted that while the results
256
of the compression-based distances for the whole genome sequences (Table 3 ) and for the NGS short 257 reads (Table 4) were comparable, the performance of the CVTree and d sampling depth can be found in Table S3 . The last section has focused on closely related bacteria at the genus level. We next applied the MSA and 270 the alignment-free distance measures to a larger and more complicated data set at a higher taxonomy 271 level. In particular, the data set consists of 70 genomes that were randomly chosen from 15 orders of the 272 class Gammaproteobacteria (Table S4) . As the number of genomes is large and they come from different 273 groups, it is interesting to ask if the distance measures can cluster and classify those genomes into their 274 correct orders. We used the parsimony score to measure the difference between a clustering tree and the 275 true classification [?] . As the number of groups is 15, the optimal parsimony score is 14. The higher the 276 parsimony score is, the more different the clustering tree is from the true classification. The parsimony 277 score of a clustering tree was also compared with that of randomly joined trees to assess its p-value and 278 statistical significance. For this data set a parsimony score lower than 40 corresponds to a p-value less 279 than 0.001 (10,000 random trees were generated). This data set has been studied previously in [?] and 280 the authors found that the co-phylog distance did not perform well because the bacteria of interest are 281 not closely related.
282
Performance on 16S rRNA sequences and whole genome sequences
283
As it is challenging to perform MSA of 70 whole genome sequences, we applied the MSA method to
284
16S rRNA sequences of those 70 genomes to obtain the benchmark distance and clustering tree ( Figure   285 S3, parsimony score = 18). We then applied all six alignment-free distance measures
CVTree, d
S 2 , and co-phylog to the 16S rRNA sequences. Table 5 shows that the alignment-free distances
287
were highly correlated with the MSA distance and they all achieved similar parsimony scores (17-18), and Xanthomonadales were all correctly classified into their groups. Majority of the genomes in the 292 remaining orders were also well clustered. Then, we applied the alignment-free distance measures to the 293 whole genome sequences, and the results were slightly worse than those obtained from the 16S rRNA 294 sequences (Table 5) . We also noted that the optimal k of CVTree and d S 2 for the whole genome sequences 295 were different from those for the 16S rRNA sequences (Table S5) .
296
Performance on NGS short reads
297
Finally, we applied all six alignment-free distance measures
S 2 and co-phylog to
298
NGS short reads which were simulated from the whole genome sequences. Again, even at the very low
299
1× sampling depth, the clustering results obtained from the NGS short reads were quite similar to those 300 obtained from the whole genome sequences, although both were slightly worse than those obtained from 301 the 16S rRNA sequences (Table 5 ). As this experiment was conducted at a high taxonomy level and the 302 species were selected from different orders of the class Gammaproteobacteria, one could expect that the 303 16S rRNA sequences should be more suitable for the classification. It can also be seen from herbivores, hindgut-fermenting herbivores, and carnivores. As there is no benchmark tree for this cluster-
336
ing problem, we only used the parsimony score to evaluate the clustering trees. The optimal parsimony 337 score is 2 and any score lower than 7 corresponds to a p-value less than 0.001 (10,000 random trees 338 were generated). (Table S7) .
342
The optimal tree obtained from the d 
350
Performance on the full data set
351
Next, we added back the 11 omnivore samples and repeated the experiment with the full data set. As
352
there are four groups in the true classification, the optimal parsimony score is 3 and any score lower than 353 15 corresponds to a p-value less than 0.001 (10,000 random trees were generated). We found that the 354 best parsimony score was obtained from the d NCD distance, followed by CVTree (k = 6) and d (Table 6 ). It should be noted that the optimal k of the CVTree and d and for the full data set were different (Table 6, Table S7 ).
357
The clustering tree of the d NCD distance is shown in Figure 4 . The samples from foregut-fermenting primates. This interesting finding has not been observed in previous studies.
378
Conclusions
379
In this paper we studied the application of the compression-based distance measures for the problem 380 of sequence comparison with a special focus on NGS short reads data. The key advantages of the 381 compression-based distance measures are assembly-free, alignment-free, and parameter-free. We con- 
388
The k-mer based distance measures, however, may produce inconsistent results depending on the parameter k, the type of sequence data, or the species under consideration. For example, the co-phylog measure was not applicable to species with far evolutionary distances from each other (data set of 29 391 mammalian, data set of 70 Gammaproteobacteria, data set of 39 metagenomic samples). The d the optimal parameter k for each data set is of critical importance for using the k-mer based methods.
398
This task may be a difficult problem when there is no benchmark (e.g., true phylogenetic trees, true 399 classifications) available to guide the analysis and the selection of k. should be also noted that in general one may need to test a wide range of k to find the optimal results
405
when using the k-mer methods. For instance, for the data set of 39 metagenomic samples in our study, 
416
To the best of our knowledge, our work is the first study to assess the performance of the compression- 
The short reads were simulated from the tool MetaSim using the Empirical model and 5× sampling depth. The group of three species platypus, opossum, and wallaroo was used as the outgroup to root the tree. The short reads were simulated from the mtDNA sequences using four error models 454, Exact, Empirical, and Sanger of the tool MetaSim at 5× sampling depth. The two smallest tree symmetric differences and the two highest distance correlation coefficients for each error model are highlighted in boldface. Similar results for 1×, 10×, and 30× sampling depths can be found in Table S2 . The short reads were simulated from the mtDNA sequences using four error models 454, Exact, Empirical, and Sanger of the tool MetaSim at 5× sampling depth. The two smallest tree symmetric differences for each error model are highlighted in boldface. Similar results for 1×, 10×, and 30× sampling depths can be found in Table S2 . Table 3 . Comparison of alignment-free distances and the benchmark co-phylog distance for 29 Escherichia/Shigella genomes. The two smallest tree symmetric differences and the two highest correlation coefficients are highlighted in boldface. The short reads were simulated from the Escherichia/Shigella genomes using four error models 454, Exact, Empirical, and Sanger of the tool MetaSim at 1× sampling depth. The two smallest tree symmetric differences and the two highest correlation coefficients for each error model are highlighted in boldface. Similar results for 5× sampling depth can be found in Table S3 . Supplementary Table S6 . The list of 39 metagenomic samples and their host species' diet and gut physiology.
455 Table S5 . The parsimony score of the clustering trees for 39 metagenomic samples.
